Keywords 23 Postmortem transcriptome; postmortem gene expression; Gene meters; calibrated DNA 24 microarrays, thanatotranscriptome; postmortem interval, forensic science. 47 selected groups of upregulated genes provide accurate prediction of postmortem time, 48 and the successfully validated experimental design can now be used to accurately predict 49 postmortem time in cadavers. 50 51 53 The postmortem interval (PMI) is the elapsed time between death of an organism and the 54 initiation of an official investigation to determine the cause of death. Its determination is 55 important to civil investigations such as those involving life insurance fraud because 56 investigators need to determine if the person was alive or not when the policy was in 57 effect [1]. The PMI is also important to criminal investigations, especially suspicious 58 death cases where there are no witnesses, because it can help determine the time 59 relationship between a potential suspect and the victim and eliminate people from a 60 suspect list, which speeds up investigations. Accurate prediction of PMI is considered 61 one of the most important and complex tasks performed by forensic investigators [2]. 62
Abstract 26 27 In criminal and civil investigations, postmortem interval is used as evidence to help sort 28 out circumstances at the time of human death. Many biological, chemical, and physical 29 indicators can be used to determine the postmortem interval -but most are not accurate. 30 Here, we sought to validate an experimental design to accurately predict the time of death 31 by analyzing the expression of hundreds of upregulated genes in two model organisms, 32 the zebrafish and mouse. In a previous study, the death of healthy adults was conducted 33 under strictly controlled conditions to minimize the effects of confounding factors such as 34 lifestyle and temperature. A total of 74,179 microarray probes were calibrated using the 35 Gene Meter approach and the transcriptional profiles of 1,063 significantly upregulated 36 genes were assembled into a time series spanning from life to 48 or 96 h postmortem. In 37 this study, the experimental design involved splitting the gene profiles into training and 38 testing datasets, randomly selecting groups of profiles, determining the modeling 39 parameters of the genes to postmortem time using over-and/or perfectly-defined linear 40 regression analyses, and calculating the fit (R 2 ) and slope of predicted versus actual 41 postmortem times. This design was repeated several thousand to million times to find the 42 top predictive groups of gene transcription profiles. A group of eleven zebrafish genes 43 yielded R 2 of 1 and a slope of 0.99, while a group of seven mouse liver genes yielded a 44 R 2 of 0.98 and a slope of 0.97, and seven mouse brain genes yielded a R 2 of 0.93 and a 45 slope of 0.85. In all cases, groups of gene transcripts yielded better postmortem time 46 predictions than individual gene transcripts. The significance of this study is two-fold:
Introduction
Since conventional DNA microarray approaches yield noisy data [9] , in 2011 we 83 developed the "Gene Meter" approach that precisely determines specific gene 84 abundances in biological samples and minimizes noise in the microarray signal [10, 11] . 85 The reason this approach is precise is because the behavior of every microarray probe is 86 determined by calibration -which is analogous to calibrating a pH meter with buffers. 87 Without calibration, the precision and accuracy of a meter is not known, nor can one 88 know how well the experimental data fits to the calibration (i.e., R 2 ). The advantages of 89 the Gene Meter approach over conventional DNA microarray approaches is that the 90 calibration takes into consideration the non-linearity of the microarray signal and 91 calibrated probes do not require normalization to compare biological samples. Moreover, 92 PCR amplification is not required. We recognize that next-generation-sequencing (NGS) 93 approaches could have been used to monitor gene expression in this study. However, the 94 same problems of normalization and reproducibility are pertinent to NGS technology 95 [12] . Hence, the Gene Meter approach is currently the most advantageous high 96 throughput methodology to study postmortem gene expression and might have utility for 97 determining the PMI. 98 The Gene Meter approach has been used to examine thousands of postmortem gene 99 transcription profiles from 44 zebrafish (Danio rerio) and 20 house mice (Mus musculus) 100 [13]. Many genes were found to be significantly upregulated (relative to live controls). 101 Given that each sampling time was replicated two or three times, we conjectured that the 102 datasets could be used to assess the feasibility for predicting PMIs from gene expression 103 data. Although many approaches are available to determine PMI (see Discussion), an 104 approach that accurately determines the time of death is highly desired and it is the goal 105 of our study to determine if specific gene transcripts or groups of gene transcripts could 106 accurately predict postmortem time. determined from these pooled dilutions as described in the previous studies [10, 11] . The 171 equations of the calibrated probes were assembled into a dataset so that they could be 172 used to back-calculate gene abundances of unknown samples (Supporting Information   173 Files S1 and S2 in Ref. 13). Gene transcription profiles were constructed from the gene  abundance data determined from the 74,179 calibrated profiles. Expression levels were   176   log-transformed for analysis to stabilize the variance. A one-sided Dunnett's T-statistic   177 was applied to test for upregulation at one or more postmortem times compared to live 178 control (fish) or time 0 (mouse). A bootstrap procedure with 10 9 simulations was used to 
Statistical analyses.

Results
245
The 36,811 probes of the zebrafish and 37,368 probes of the mouse were calibrated. Of 246 these, the transcriptional profiles of 548 zebrafish genes and 515 mouse genes were found 247 to be significantly upregulated. Of the 515 upregulated genes, 36 were from the liver and 248 478 genes were from the brain. It is important to note that each datum point in a A_30_P01018537, and A_55_P2006861 were -3.75, 36.21, and -13.93, respectively. 297 Using the gene transcript abundances for these probes at 48 h postmortem (1.04 a.u., 1.65 298 a.u., and 0.48 a.u., respectively) and the equation above, the predicted PMI is ~49.3 h. 299 The fits (R 2 ) of the predicted versus actual PMIs for the zebrafish, the mouse brain and 300 mouse liver were 0.74, 0.64, and 0.86, respectively. Predicting PMI with many genes 311 312 To predict PMIs using perfectly defined linear regressions, the number of gene transcripts 313 used for the regression has to equal the number of postmortem sampling times. The 314 zebrafish was sampled 11 times and the mouse was sampled 7 times, therefore 11 and 7 genes could be used for the regressions, respectively. The regression equation for the 316 zebrafish was:
The regression equation for the mouse was:
The procedure to find gene transcript sets that provide the best PMI predictions included: 325 assigning randomly-selected genes to gene transcript sets, determining the coefficients of 326 the gene transcripts in the set using a defined least squared linear regression, and 327 validating the regression model with gene transcript sets in the test data. We rationalized 328 that if this process was repeated thousands to millions of times, groups of gene transcripts 329 could be identified that accurately predict PMIs with high R 2 =>0.95 and slopes of 0.95 to Table 2 shows the probe labels for the gene transcript sets used in After training 50,000 random selections (each selection consisted of 7 genes), about 96% 393 (n=47,847) of the selected gene sets yielded R 2 and slopes of 1. The remaining selections 394 were not used for validation because the equations (n=2,153 selections) could not be 395 resolved, or they had fits and/or slopes that were <1 (n=25 selections). The R 2 and slopes 396 of predicted versus actual PMIs determined using the testing dataset identified the top 397 performing gene sets. 398 The top selected gene transcript sets for the mouse liver and brain are shown in Fig 4. As 399 indicated by the R 2 , slopes, and size of the 99% confidence intervals, gene transcript sets 400 from the liver were better at predicting PMIs than those from the brain. The mouse genes 401 used in the gene transcript sets, their coefficients, and annotations are shown in Table 3 402 and the transcriptional gene profiles for the mouse liver samples are shown in Fig 5 . 403 Note that the high similarity in the gene transcript abundance between the data used for 404 training and testing of the selected genes. In most cases (but not all), the duplicate 
Gray line represents 99% confidence limits of the linear regression. Open circles, training
410 data; closed circles, testing data. See Table 3 for information on the equations and probes.
412
The poor predictability of the brain gene transcript sets (i.e., R 2 <0.95) could be attributed 413 to the low number of repeated selections of gene transcript sets and the variability in gene 414 abundances between the training and testing datasets. We repeated the analysis of the 415 brain samples an additional 1,000,000 times, which resulted in some improvement. The 416 best fit and slope for 50,000 gene transcript set selections was R 2 =0.83 and m=0.77 (not 417 shown). The best fit and slope for 1,000,000 selections was R 2 =0.93 and m=0.85 (Fig 4,   418 Panel B) with the second best being R 2 =0.92 and m=0.86 (Fig 4, Panel C) . Hence, the 419 number of combination of gene transcript sets examined is important for selecting the 420 best ones. It is important to emphasize that the computation time for running 1,000,000 421 selections was approximately 1 week using a Mac OS X 10.8.6. 422 The PMIs in Panel A to C could be predicted by adding the products of the log 2 423 abundance of each gene to its corresponding coefficient. The predicted PMIs for mouse is 424 calculated same way as for zebrafish (shown above). We compared the variability in gene transcript abundances between training and testing 432 data sets for the mouse liver and mouse brain. To further test this phenomenon, a small amount of random noise was added to the 451 abundances of mouse liver gene transcripts (Fig 5) , which originally had very low The abundance of a gene transcript is determined by its rate of synthesis and its rate of 501 degradation [57] . In this study, the synthesis of mRNA had to far exceed its degradation 502 to be a significantly upregulated gene (at some postmortem time) in our study. As 503 demonstrated in the previous study [13] and shown in this study (Figs 3, 5, and 6), the 504 timings of the upregulation differed between genes. Some gene transcripts, such as the 505 one targeted by probe A_15_P105218, were upregulated right after organismal death and 506 reached maximize abundance at 24 h postmortem while, others, such as the one targeted 507 by probe A_15_P569742, increased substantially at 48 h postmortem (Fig 3) . It is 508 presumed that differences in the transcript profiles affect the value of the coefficients in 509 the linear equations because it is not possible to generate coefficients if the gene 510 transcript abundances changed in the same way. That is, a numerical solution could not 511 be mathematically resolved. 512 It should be noted that the upregulation of postmortem genes is optimal for PMI 513 prediction because only about 1% of the total genes of an organism were upregulated in 514 organismal death -which is rare indeed. In contrast, a focus on downregulated genes 515 would not be practical because one does not know if downregulated genes are due to 516 repression, degradation of the total RNA, or exhausted resources such as those needed for 517 the transcript machinery function (e.g., dNTPs and RNA polymerase). 518 Given that gene transcripts from the liver were better at PMI predictions than those from 519 the brain suggests that mRNA transcripts from some organs are better than others. It is 520 conceivable that upregulated postmortem genes could be found in the heart, kidney, 521 spleen or muscle, which needs further exploration. 522 It is important to recognize that this study would probably not be possible using 523 conventional microarray approaches because normalizations could yield up to 20 to 30% 524 differences in the up-or down-regulation depending on the procedure selected [59] [60] [61] [62] . 525 The Gene Meter approach does not require the data to be normalized since the microarray 526 probes are calibrated. Moreover, in the processing of samples, the same amount of 527 labeled mRNA was loaded onto the DNA microarray for each sample (1.65 µg), which 528 eliminates the need to divide the microarray output data by a denominator in order to 529 compare samples. 530 We recognize that our experimental design did not consider factors such as temperature, 531 which have been considered in other models [e.g., 4]. To do so would go beyond the 532 stated objectives of providing a "proof of principle" for the optimal experimental design 533 (i.e., perfectly-defined linear regressions based on multiple gene transcripts) using a high 534 throughput approach. Nonetheless, future studies could make our experimental design 535 more universal by integrating temperature and other factors into the regression models. 536 In addition to providing "proof of principle" of a new forensic tool for determining PMI, 537 the approach could be used as a tool for prospective studies aimed at improving organ 538 quality of human transplants.
425
Conclusion
540
We examined if significantly upregulated genes could be used to predict PMIs in two 541 model organisms using linear regression analyses. While PMIs could be accurately 542 predicted using selected zebrafish and mouse liver gene transcripts, predictions were poor 543 using selected mouse brain gene transcripts, presumably due to high variability of the 
